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We develop the ﬁrst global ‘Bare-Earth’ Digital Elevation Model (DEM) based on the Shuttle Radar Topography
Mission (SRTM) for all landmasses between 60N and 54S. Our new ‘Bare-Earth’ SRTM DEM combines multiple
remote sensing datasets, including point-ground elevations fromNASA's laser altimeter ICESat, a database of per-
centage of tree cover from the MODIS satellite as a proxy for penetration depth of SRTM and a global vegetation
height map in order to remove the vegetation artefacts present in the original SRTM DEM. We test multiple
methods of removing vegetation artefacts and investigate the use of regionalization. Our ﬁnal ‘Bare-Earth’
SRTMproduct shows global improvements greater than 10m in the bias over the original SRTMDEM in vegetat-
ed areas compared with ground elevations determined from ICESat data with a signiﬁcant reduction in the root
mean square error from over 14 m to 6 m globally. Therefore, our DEM will be valuable for any global applica-
tions, such as large scale ﬂood modelling requiring a ‘Bare-Earth’ DEM.
© 2016 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction
Digital Elevation Models (DEMs) are used for a wide range of appli-
cations, including hydrology andwater resources, geology and geomor-
phology, civil engineering projects, vegetation survey, glaciology,
volcanology and modelling natural hazards such as ﬂooding, landslides
and coastal inundation (Bamber, 1994; Moore, Grayson, and Ladson,
1991). The accuracy of such DEMs is a key point for these applications.
For example, in river hydrodynamic modelling, the DEM is one of the
most important inputs as it controls the accuracy of the model outputs
(Sanders, 2007), in particular ﬂood extents and depths. With climate
change, development pressures, and land-use changes generally lead-
ing to changes in ﬂood frequencies globally (Hirabayashi et al., 2013;
Milly, Wetherald, Dunne, and Delworth, 2002), accurate outputs from
hydrodynamic models will become increasingly necessary to under-
stand the risks associatedwith these changes and their impact on global
wetlands and associated issues related to biogeochemical cycles and
biodiversity.
In many developed nations accurate DEMs derived from expensive
LiDAR surveys are now available, with the ﬁrst LiDAR surveys ﬂown in
the 1980s (Krabill, Collins, Link, Swift, and Butler, 1984). However,
these only cover a small percentage of the earth's landmass. For global
or near global coverage, space based DEMs must be used. To date, the
most popular near-global DEMwas obtained from Shuttle Radar Topog-
raphyMission— SRTM (Farr et al., 2007). The SRTMDEMhas been used
by numerous scientists for a variety of science studies. However, all
these studies have encountered the same issue: how to correct the veg-
etation bias in the SRTM DEM. Schumann, Bates, Neal, and Andreadis
(2014) noted the importance of an accurate ‘Bare-Earth’ DEM for
ﬂood-modelling and related industries. Baugh, Bates, Schumann, and
Trigg (2013) noted that correcting the vegetation error in the SRTM
DEM for a region of the Amazon Basin increased the accuracy of
modelled inundation extents from 25% to 94%.
Carabajal and Harding (2005) validated the SRTMDEMusing ICESat,
a satellite laser altimeter, and discovered that the errors in SRTM in-
creased with increasing tree cover. This was because the C-band radar
used by SRTM could not fully penetrate the vegetation canopy to the
ground. This ﬁnding was also supported by another study that utilized
satellite radar altimeters to validate the SRTM DEM (Berry, Garlick,
and Smith, 2007). While these errors can clearly be attributed to vege-
tation, their correction requires knowledge about canopy heights and
radar penetration depths. The ﬁrst widely used global vegetation height
map was only published in 2010 (Lefsky, 2010), followed by a more ac-
curate vegetation map the following year (Simard, Pinto, Fisher, and
Baccini, 2011). Prior to this, the correction of vegetation biases in
SRTM could only be undertaken on small areas using either in-situmea-
surements or national datasets (Gallant, Read, and Dowling, 2012;
Wilson et al., 2007). In hydrologic and hydrodynamic modelling, vege-
tation errors in the SRTM have generally been ignored except in
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heavily-vegetated areas, such as the Amazon (De Ruyver, 2004; Pinel
et al., 2015). However, here the SRTM bias can cause large errors in
model results such as under predicted ﬂood extent and too rapid ﬂood
wave propagation (Jarihani, Callow, McVicar, Van Niel, and Larsen,
2015; Paiva et al., 2013). Despite the importance of artefact removal
methods to correct vegetation errors in SRTM data to date have been
rather simple and have only applied static corrections, i.e. they removed
a spatially uniform ﬁxed percentage of vegetation height from the DEM
(e.g. Baugh et al., 2013; Paiva, Collischonn, and Tucci, 2011). For exam-
ple, Baugh et al. (2013) found that subtracting 50% of the vegetation
height produced the best results in their hydrodynamic model but
highlighted that this fraction may be different in other regions with
other vegetation densities.
In this study we therefore introduce a ﬁrst near global ‘Bare-Earth’
SRTMDEM product using a dynamic correction that varies with vegeta-
tion height and density, and which can be regionalized according to cli-
matic zones or vegetation types. Our ‘Bare-Earth’ SRTMDEM deals only
with vegetation biases and does not remove biases due to built
structures.
2. Data and methodology
We use the SRTMDEM as our base data product. We then use global
maps of vegetation height (Simard et al., 2011) and a canopy density
proxy from MODIS data, coupled with satellite altimetry (ICESat GLAS)
to develop and validate an empirical model for global DEM vegetation
correction. Different correction models and parameter regionalizations
are tested and to determine an optimal method, examples showing
the impact of the vegetation correction on the SRTMDEM are provided.
All datasets used were horizontally referenced to WGS84.
2.1. SRTM DEM
The Shuttle Radar Topography Mission (SRTM) (Farr et al., 2007)
was an international project sponsored by the National Geospatial-
Intelligence Agency (NGA) and NASA and was ﬂown in February 2000.
During its 11 day mission 12.3 Tbyte of terrain data were collected cov-
ering land areas between 56S and 60N. Two InSAR instruments were
used: a C-band radar provided by the Jet Propulsion Laboratory (JPL)
and anX-band radar provided by the German and Italian space agencies.
Kinematic GPS transects, corner reﬂector arrays, ground control
points (GCPs) from NGA and JPL, and optical imagery DEMs were used
in system calibration and accuracy assessment (Farr and Kobrick,
2000). SRTM's vertical and horizontal linear errors at 90% conﬁdence
(LE90) were smaller than the mission speciﬁcations of 20 m and 16 m
respectively (Rabus, Eineder, Roth, and Bamler, 2003). When compared
with GCPs, Rodríguez, Morris, and Belz (2006) discovered that vertical
errors (LE90) in SRTM were approximately 8.2 m globally, while Berry
et al. (2007) found the vertical mean error globally between SRTM
and ground points determined from satellite radar altimetry data to
be 3.6 ± 16.16 m.
In this study, we used the 3 arc-second C-band void-ﬁlled version 4
SRTM DEM product (Jarvis, Reuter, Nelson, and Guevara, 2008) obtain-
ed from the Consortium for Spatial Information (CGIAR CSI) available at
srtm.csi.cgiar.org. This product is referenced vertically to the EarthGrav-
itational Model of 1996 (EGM96). EGM96 has the same reference ellip-
soid as WGS84, but it has a higher spatial resolution and more accurate
geoid.Whilemany different versions of the SRTMDEM exist, all of them
have the same vegetation errors and the method described below is
generic.
2.2. ICESat
The ICESat Geoscience Laser Altimeter System (GLAS) was the ﬁrst
satellite based Earth orbiting laser altimeter and was operational be-
tween 2003 and 2009. ICESat GLAS had a surface footprint of ~65 m
and made observations every 172 m along its track (Schutz, Zwally,
Shuman, Hancock, and DiMarzio, 2005). Mission details and data prod-
ucts are described by Zwally et al. (2002). In this study the ICESat GLAS
GLA14 Land Elevation Product, Release 34, was used. Geodetic and at-
mospheric corrections have already been applied to this product.
Carabajal and Harding (2005) noted that the vertical error in these
data is 0.01 ± 0.04 m for ﬂat surfaces.
ICESat data were obtained from the Reverb website (available at
reverb.echo.nasa.gov) and were extracted using code provided by the
National Snow and Ice Data Centre (NSIDC). The extracted data were
converted to the WGS84. Suitable observations were selected by use
of the elevation-use ﬂag, and the saturation index was used to re-
move/correct saturated observations. This was done to ensure only un-
distorted ground elevations were selected. The same criteria used by
Hall, Schumann, Bamber, Bates, and Trigg (2012) and O'Loughlin, Neal,
Yamazaki, and Bates (2016); O'Loughlin, Trigg, Schumann, and Bates
(2013) was implemented: observations with a saturation index less
than two were not corrected, observations with an index of two were
corrected using the saturation elevation correction ﬁeld, and all other
observations were excluded. The selected observations were then con-
verted to EGM96— the same vertical datum as the SRTM DEM. Howev-
er, as a number of peaks can be found in ICESat GLA14 observations and
theGLA14 elevation is given as the centroid of theGaussianﬁt, to ensure
that the ICESat returns are as close as possible to ‘ground truth’ we
applied the criterion that the number of peaks detected in the ICESat ob-
servationsmust be equal to one.We use the centroid value as this is the
best estimate of the mean ground elevation over the ~70 m ICESat re-
turn for single peak waveforms. It should be noted that the returns of
single peak data over vegetation are wider than multiple peak returns.
While it is known that ICESat suffers from errors due to changes in
Fig. 1. Comparison of Vegetation Height Map, Google Earth Image and VCF product. Examples of the Vegetation Height Map and VCF datasets are shown for a smaller region in Fig. 9.
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surface slope, canopy density and vegetation type (Bhang, Schwartz,
and Braun, 2007), in this study we assume that the single peak ICESat
observations are ‘ground-truth’, while in fact they may be slightly
above the ground elevation due to the Gaussian ﬁt.
2.3. Vegetation height map
In this study we use the vegetation height map, HVEG, produced by
Simard et al. (2011). This used the RH100 metric calculated from the
ICESat GLAS GLA14 land product as the measure of canopy height for
each observation. RH100 is the distance between the beginning of signal
and the ground peak (Harding and Carabajal, 2005). Using a slope map
produced from SRTM, (Simard et al., 2011) also estimated and corrected
the bias in canopy heights introduced by slopes. Simard et al. (2011)
used the Random Forest regression tree method to extrapolate the
RH100 values based on seven variables to create their vegetation height
map. These seven variables are global mean precipitation, precipitation
seasonality, mean temperature, temperature seasonality, elevation,
MODIS tree cover andprotection status andwere used to create the veg-
etation height map at a spatial resolution of 30 arc-seconds (~1 km).
Simard et al. (2011) validated their near-global vegetation height map
at 66 FLUXNET sites and calculated a root mean square error (RMSE)
of 6.1 m using all sites and a RMSE of 4.4 m without 7 outliers.
FLUXNET sites are parts of a global network of micrometeorological
towers at which canopy heights were also recorded (Baldocchi et al.,
2001). A comparison of the Vegetation Height Map to a Google Earth
Image and canopy density is shown in Fig. 1.
2.4. Canopy density
In this study we use data from the 250mMODIS Vegetation Contin-
uous Field (VCF) product (DiMiceli et al., 2011) (available from
landcover.org) as a proxy of canopy density and penetration depth of
SRTM. The VCF contains three products available from 2000 to 2009:
percentage area of tree cover, percentage area of non-tree vegetation
and ‘Bare-Earth’. In this studywe only use the percent tree cover dataset
from 2000 as this was the year the SRTM was ﬂown. The values in this
dataset range from 0 to 200, where any value over 100 is classiﬁed as
water. For more details on the development of the VCF product see
Hansen et al. (2003). Higher resolution vegetation maps are available
(e.g. Landsat VCF (Sexton et al., 2013) or the ALOS PALSAR global forest
mosaic (Shimada et al., 2014)) but as these datasets contain signiﬁcant
striping errors or are not available for the year 2000, their usewould re-
quire sophisticated processing and for the ﬁrst version of the ‘Bare-
Earth’ SRTM DEM the 250 m MODIS VCF product is preferred.
2.5. Regionalization maps
Two different maps were used for regionalization. The ﬁrst uses the
ﬁve main Koppen-Geiger climatic classiﬁcations (Peel, Finlayson, and
McMahon, 2007) and the second uses the 15 land cover type classiﬁca-
tions derived from the MODIS Land Cover Type (MCD12Q1) product
from 2001 to 2010 (Broxton, Zeng, Sulla-Menashe, and Troch, 2014).
The Koppen-Geiger climate classiﬁcation is available at 0.1° spatial res-
olution and the ﬁve zones are Tropical, Arid, Temperate, Cold and Polar.
The spatial resolution of the MODIS-based land cover is 15 arc-seconds
(~500 m).
2.6. Methodology
2.6.1. Outlier removal
For each ICESat ground elevation observation we extracted the cor-
responding pixel values from the SRTM DEM, the VCF, the Simard
et al. (2011) vegetation height map and the climate and vegetation
type classiﬁcations. Prior to this we re-sampled both the VCF and vege-
tation height maps from their native resolution to 3 arc-seconds. A
nearest neighbour interpolation was used on the VCF dataset and for
the vegetation height map we converted it to a point dataset and then
used linear interpolation to create a 3 arc-second surface. We then re-
moved all ICESat observations with a VCF value corresponding to
water, leaving 213,214,740 ICESat observations that correspond to
values over land.
For these remaining ICESat observations, we ﬁrst removed any ob-
servations with a corresponding VCF or HVEG pixel value equal to zero,
as we are only interested in correcting the vegetation bias in the SRTM
DEM. Then we subtracted the ICESat elevations from the corresponding
SRTM elevations to ﬁnd the residual error. Obvious outliers were re-
moved by comparing the residual to a predeﬁned range. This range
was determined by combining the typical errors associated with SRTM
with the height errors in the vegetation height map. Combining these
errors, at LE90, results in a total error of ~11 m, as LE90 for SRTM
7.0 m (Rodríguez et al., 2006) and LE90 for the vegetation height map
is approximately 7.3 m. Therefore, the range is deﬁned as HVEG ±
11 m. After applying these criteria, we were left with 129,659,538
Fig. 2.Vegetation Correction Function Curves for the global ﬁt. X-axis shows the canopy density and Y-axis shows the vegetation removal fraction. Shaded areas shows the calibration area
between 20 and 80 percentiles, also shown are the 30, 40, 60 and 70 percentiles.
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observations to use for both calibration and validation of our vegetation
correction method.
2.6.2. Vegetation removal function
The following assumptions were used in our method for correcting
vegetation errors in the SRTM DEM:
• The percentage of the vegetation height (HVEG) to be subtracted from
the SRTM DEM is related to the canopy density (VCF).
• The Vegetation Continuous Field (VCF) is an accurate representation
of the density of the canopy.
• The ICESat GLA14 measurements measure the ‘Bare-Earth’ or ground
elevations.
• The amount of vegetation to be removed, Vegrm, can be represented
by:
Vegrm ¼ f VCFð ÞHVEG ð1Þ
The equation for the ‘Bare-Earth’ SRTM is then represented by:
SRTMBare‐Earth ¼ SRTM−Vegrm: ð2Þ
By combining Eq. (1) and Eq. (2) and substituting ICESat measure-
ments for the ‘Bare-Earth’ SRTM, the fraction of vegetation height to
be removed can be calculated for each ICESat observation as:
f VCFð Þ ¼ SRTM−ICESat
HVEG
: ð3Þ
Five different forms (Eqs. (4)–(8)) of f(VCF) were tested to estimate
the percentage of HVEG to be removed.
Linear : f VCFð Þ ¼ aVCFþ b ð4Þ
Polynominal : f VCFð Þ ¼ aVCF2 þ bVCFþ c ð5Þ
Power 1 : f VCFð Þ ¼ aVCFb ð6Þ
Power 2 : f VCFð Þ ¼ aVCFb þ c ð7Þ
Exponential : f VCFð Þ ¼ aexpbVCF: ð8Þ
The parameters of these functions were ﬁtted based on ICESat sam-
ples (Eq. (3)). Because using the entire dataset would result in no
Table 1
Rootmean square error (m) and verticalmean error (m) for theﬁveVegetation Correction
Function Curves for the global ﬁt shown in Fig. 1.
f(VCF) RMSE ME
Linear 6.17 −0.99
Polynomial 6.24 −0.84
Power 1 6.11 1.18
Power 2 7.93 2.81
Exponential 6.20 −0.87
Fig. 3. Root mean square error (m) in vegetated areas for: A) SRTM; B) SRTM with static
correction applied; and C) SRTM with global Power 1 correction applied. Maps display
at 0.5° spatial resolution. ICESat GLA14 elevation used for validation.
Fig. 4. Root mean square error (m) in vegetated areas for: A) SRTMwith climatic Power 1
correction applied (best overall method); and B) SRTM with vegetation Power 1
correction applied. Maps display at 0.5° spatial resolution. ICESat GLA14 elevations used
for validation.
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independent data to validate themethod,we repeatedly ﬁt themodel to
1% of the total dataset, randomly sampled, to create 10,000 ﬁts, using
least squares. However, to ensure that each VCF value is given equal
weight, before ﬁtting the function we average the data by VCF value
and then the function is ﬁtted to the VCF averaged data. The ﬁnal
f(VCF) curve was computed by averaging results from the 10,000 ﬁtted
curves. As a single parameter set for the f(VCF) model may not be valid
for thewhole globe, we also tested regionalized parameters as functions
of climate zones or vegetation types.
2.6.3. Global vegetation removal
The global vegetation corrected products were produced using the
globally available VCF and vegetation height maps. For each SRTM tile,
the fraction of HVEG to be removed was calculated pixel-by-pixel using
the best vegetation removal function found (see Section 3.1) and the
corresponding VCF value. For the regionalizedmaps, the regional classi-
ﬁcation of each pixel was also taken into account. Once the fraction of
HVEG to be removed was determined, this was multiplied by the corre-
sponding pixel value of HVEG and this dataset was then subtracted
from the original SRTM elevations.
2.6.4. Performance metrics
To determine the best performing vegetation removal function, we
compare the produced ‘Bare-Earth’ SRTM DEMs to ICESat measure-
ments using two different metrics: root mean square error (RMSE)
and mean error (ME). These were estimated both globally and by
continent.
To ensure that the performancemetricswere not biased by the large
amount of data corresponding to lower VCF values, we also calculated
the metrics with data averaged by VCF value as well as by assigning
equal weights to the observations.
3. Results and discussion
3.1. Comparison of vegetation correction functions
We plotted the ﬁve global vegetation correction functions, f(VCF),
against the Vegetation Continuous Field (VCF) data (Fig. 2). It was ex-
pected that the curves would be similar to each other with the value
of f(VCF) increasing with canopy density (VCF value). However, it was
expected that the curves would become asymptotic for higher canopy
density (VCF values) as we expected the penetration depth of SRTM
would become near constant for higher canopy densities. This assump-
tion is based on thework of Kenyi, Dubayah, Hofton, and Schardt (2009)
who found C-Band SRTM penetrated on average 56% into the canopy of
a forest area in the Sierra Nevada; however, they also noted that if a can-
opy is thick and homogeneous, a smaller penetration depth would be
expected. It was also expected that the value of f(VCF) would tend to
zero for lower canopy density.
While Fig. 2 shows that all f(VCF) models are similar for VCF values
between 20 and 80, only the Power 1 model followed the expected
curve. However, models with f(VCF) values greater than one cannot
be discarded, as the raw vegetation height map is an average value
over 1 km2 (which we resample to 3 arc-seconds) and variations in
height are possible, resulting in f(VCF) values greater than one. At
lower canopy densities, again only the Power 1 model followed the ex-
pected pattern. Table 1 shows the root mean square error (m) and the
vertical mean error (m) for the ﬁve f(VCF) models ﬁtted globally
when compared with ICESat GLA14 elevations. Also listed in Fig. 2 are
the corresponding R2 values obtained for each of the ﬁve models
when compared to data averaged by VCF values. It is clear that the
Power 1 model results in the lowest RMSE while having a similar verti-
cal ME compared with the four other f(VCF) models. While no models
could be discarded based on higher canopy density values, all models,
with the exception of the Power 1model, introduce artefacts at low can-
opy densities. All themodels tested could have been forced to followour
expected curve by setting their intercept equal to zero and one, i.e.
when VCF= 0, f(VCF)= 0 andwhen VCF= 100, f(VCF)= 1; however,
this would skew the results to ﬁt our initial assumptions and therefore
no longer allow the data to be independent. As a consequence, the
Power 1 model was determined to be the best method that we tested
to correct the vegetation error in the SRTM DEM.
Fig. 5. Percentage improvement in rootmean square error (RMSE) over the original SRTM
compared with ICESat ground elevations for: (A) SRTM with static correction applied;
(B) SRTM with global Power 1 correction applied; (C) SRTM with climatic Power 1
correction applied (best overall method); and (D) SRTM with vegetation Power 1
correction applied. Areas where the vegetation correction results in a deterioration of
errors are shaded grey.
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3.2. Comparison of static, global and regional based vegetation correction
To determine the best vegetation correction method to apply to the
SRTM DEM, we compared a static correction, where a spatial uniform
percentage of HVEG was removed from the SRTM DEM, and the pro-
posed method, where a spatial varying percentage of HVEG is removed
from the SRTM DEM. The static correction method removes 50% of
HVEG from the SRTM DEM, as suggested by Baugh et al. (2013), while
the proposed method calculated f(VCF) used the Power 1 correction
function (Eq. (6)) ﬁtted both globally and by region using classiﬁcation
maps of climate zone and vegetation type, with unique f(VCF) functions
calculated for each distinct region, using the same methodology as for
the global ﬁt.
For each method we calculated the RMSE and ME by comparing the
DEMs to ICESat GLA14 elevations, and then compared the results both
visually and statistically. Visual comparison was performed on 0.5 de-
gree resolution plots (Figs. 3, 4 and 5), where observations within
each 0.5 degree square were averaged. The statistical comparison was
undertaken both globally and by continent (Tables 2 and 3) at locations
where ICESat ground elevations exist.
From Figs. 3 and 5, it is clear that any form of vegetation removal im-
proves the SRTM DEM in most regions of the globe. Areas where the
methods tested cause deterioration in errors are shaded grey in Fig. 5.
Despite being the simplest method, the static correction (Fig. 3(B))
removes much of the vegetation error in the SRTM DEM. Globally the
static method reduces the vertical bias in vegetated areas from 11.2 m
to 2.9 m (Table 3) and also reduces the RMSE by 46% to 7.6 m
(Table 2). However, this improvement is not spatially consistent, with
large errors still visible across the continents. The global correction
method (Fig. 3(C)) is an incremental improvement over the static cor-
rection method and further reduces the ME and RMSE by over one
metre to 1.2 m and 6.1 m respectively. This improvement is clearly vis-
ible over tropical forest regions such as theAmazon and Congo River Ba-
sins and in Indonesia and Papua NewGuinea. Only small improvements
over the global correction method are made by regionalizing the
vegetation correction by climate zone or vegetation type (Figs. 4 and
5). While the overall RMSE improvements are only ~0.2 m for the cli-
mate correction and b0.1 m in the case of the vegetation correction
method, larger improvements are experienced across the different con-
tinents. The climate correction outperforms all other methods in terms
of ME with an overall ME of 0.3 m, while the global correction is next
with 1.2 m. A visual comparison of the correction methods also high-
lights that the climate regionalized correction (Figs. 4(A) and 5(C)) out-
performs the othermethods. However, there are a few placeswhere the
vegetation-regionalized correction outperforms the climate correction,
especially in The Andes and in China's Sichuan province.
From the analysis it is clear that the climate regionalized correction
of vegetation of the SRTM DEM performs best, with the exception of a
few small areas. However, the use of classiﬁcation maps introduces ar-
tefacts along the classiﬁcation boundaries and the increase in artefacts
introduced bymoving from ﬁve to ﬁfteen f(VCF) models for the vegeta-
tion regionalized classiﬁcation is not justiﬁable considering the small
improvement that results- Fig. 5(C) and (D) are nearly identical. To re-
duce the impact of classiﬁcation boundaries a simple averaging scheme
can be used. The percentage of vegetation to be removed at any pixel is a
weighted average based on the area covered by each classiﬁcation in a
101 pixel (3 arc-second) square centred on the corresponding pixel.
The size of square was determined by trial and error. While this scheme
does not remove artefacts completely; it does signiﬁcantly reduce their
impact.
Other artefacts exist due to the spatial resolution of both the HVEG
and canopy density (VCF) products being much coarser than the
3 arc-seconds resolution of SRTM. Even after we downscale both the
HVEG and VCF maps to 3 arc-seconds, artefacts may exist around the
edges of vegetation patches. However, to our knowledge, no ﬁner reso-
lution and coherent maps for global vegetation or canopy density exist.
As our methodology ignores non-vegetated areas, artefacts may be in-
troduced at the boundaries between vegetated and non-vegetated
areas, where the elevation in the vegetated areas may now be slightly
lower than that of the adjacent non-vegetated area.
Table 2
Root mean square error (m) of RAWand corrected SRTM using different vegetation correctionmethods comparedwith ICESat GLA14 elevations in vegetated areas. Both averaged by VCF
(1st number) and equal weight (2nd number) calculations are shown.
Region
Vegetation correction method
Raw Static Global Climate Vegetation
Europe 13.359/9.689 7.058/6.125 5.853/5.125 5.530/4.989 5.840/4.975
Africa 12.619/6.083 6.039/3.538 4.826/4.000 4.753/3.676 4.673/3.679
Asia 16.889/11.971 9.151/7.250 7.802/7.198 7.526/6.894 7.473/6.682
Southern Asia 18.656/12.865 9.742/7.032 7.764/5.966 7.020/5.424 7.114/5.390
Australia & New Zealand 16.514/7.326 8.774/4.564 6.915/4.655 6.686/4.427 6.634/4.259
Paciﬁc Islands 20.588/21.018 10.976/11.207 10.361/10.517 9.263/9.386 9.201/9.267
North America 12.012/7.978 7.182/5.492 6.027/5.311 6.028/5.354 6.562/5.160
South America 12.190/8.126 6.412/4.756 5.200/4.554 5.136/4.389 4.978/4.191
Global 14.116/8.667 7.576/5.292 6.108/5.185 5.939/4.980 6.035/4.854
Table 3
Vertical mean error (m) of RAWand corrected SRTMusing different vegetation correctionmethods comparedwith ICESat GLA14 elevations in vegetated areas. Both averaged by VCF (1st
number) and equal weight (2nd number) calculations are shown.
Region
Vegetation Correction Method
Raw Static Global Climate Vegetation
Europe 10.774/4.858 2.114/−1.445 0.744/−0.270 −0.653/−1.360 0.654/−0.391
Africa 10.838/4.299 2.491/−0.319 0.731/1.823 0.219/1.064 0.722/1.073
Asia 14.417/7.312 5.237/0.985 3.623/2.619 3.187/2.047 3.165/1.733
Southern Asia 15.857/7.376 5.783/0.913 3.801/2.185 2.417/1.287 3.051/1.631
Australia & New Zealand 14.325/4.335 5.438/−0.165 3.494/2.054 3.071/1.568 3.098/0.946
Paciﬁc Islands 18.592/18.643 8.200/8.148 7.124/6.861 5.496/5.209 5.570/5.338
North America 8.459/3.749 1.293/−1.413 −0.089/−0.276 −1.482/−1.534 0.957/−0.290
South America 9.621/4.811 1.784/−0.797 0.308/0.749 −0.319/−0.038 0.247/0.209
Global 11.191/4.937 2.914/−0.398 1.178/1.251 0.294/0.402 1.215/0.694
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We determine that the use of the Power 1 vegetation correction
function with the climate zone classiﬁcation produced the best result
and from here on is referred to as ‘Bare-Earth’ SRTM. Fig. 6, shows the
average amount of vegetation removed globally by using the Power 1
vegetation correction function with the climate zone classiﬁcation. As
expected from Figs. 3 and 4, the greatest amount of vegetation removal
occurred in tropical forests, where it is known SRTM had the greatest
vegetation bias. Fig. 7, shows the average amount of vegetation re-
moved as a function of canopy density (VCF). As expected, the average
amount of vegetation removed increases with increasing canopy densi-
ty. This ﬁgure is truncated at a VCF percentage of 87 as therewere insuf-
ﬁcient data (b0.01%) after this value.
While the analysis to determine the best methodology has focused
on continental and global scales, it is also useful to investigate how
well the new ‘Bare-Earth’ SRTM performs over the main global vegeta-
tion types. Table 4 shows the root mean square errors of the original
SRTM and the new ‘Bare-Earth’ SRTM compared with ICESat ground el-
evations over the 16 main vegetation types described by Broxton et al.
(2014). With the exception of permanent wetlands, which account for
only 1.29% of the world's landmass, the ‘Bare-Earth’ SRTM product out-
performs the original SRTM dataset, with particularly large improve-
ments in all Forest type vegetation, as would be expected.
3.3. Sample test cases
Fig. 8 shows the differences between the raw and ‘Bare-Earth’
SRTM DEMs for three ﬁve degree SRTM tiles along with cross-
sectional proﬁles. While river channels are more deﬁned in the
SRTM DEM, ﬂoodplains are easier to distinguish in the new ‘Bare-
Earth’ SRTM DEM. This effect is especially visible in the middle
panel (Amazon basin).
The effect of removing the vegetation error is visible in the different
plots for each of the three SRTM tiles. While the maximum amount of
vegetation removed is similar across the three regions (36–44 m), the
average vegetation removed is over 20 m in the Amazon (middle
panel), approximately 14 m in the top panel and in the Congo (bottom
panel).
The cross-sectional proﬁles show the vegetation contamination in
the SRTM DEM compared with the new ‘Bare-Earth’ DEM. In the top
panel, there are only small differences between the two DEMs; howev-
er, the differences are much larger for the cross-sectional proﬁles of the
Amazon and Congo regions. In both regions, there are differences great-
er than 30 m. From the cross-sectional proﬁles, it is clear that the new
‘Bare-Earth’ SRTMDEM captures the ﬂoodplain extentsmore accurately
and does not experience the same vegetation errors as the SRTM DEM.
The use of this new product in hydrodynamic modelling will enable
Fig. 6. Amount of vegetation removed (m) using the Power 1 vegetation removal function
and climate regionalization.
Fig. 7. Average metres removed (m) versus VCF (%) for the ﬁnal ‘Bare-Earth’ SRTM DEM.
Table 4
Comparison of the root mean square error (m) of the original and our ‘Bare-Earth’ SRTM
by vegetation type.
Vegetation type
Original
SRTM
‘Bare-Earth’
SRTM
Percentage of
landmass
Evergreen needle leaf forest 11.714 6.454 1.94
Evergreen broadleaf forest 21.878 7.816 5.12
Deciduous needle leaf forest 12.440 7.350 1.40
Deciduous broadleaf forest 11.443 5.207 0.66
Mixed forests 16.686 7.353 4.74
Closed scrublands 10.150 6.250 0.06
Open scrublands 6.193 4.893 12.95
Woody savannahs 8.951 5.170 5.48
Savannahs 5.523 3.739 4.16
Grasslands 6.611 5.398 10.43
Permanent wetland 3.865 4.558 1.29
Croplands 4.414 3.839 6.09
Urban and built-up 5.595 3.980 0.32
Cropland/natural vegetation 7.435 4.566 4.07
Snow and ice 17.866 15.337 32.88
Barren or sparsely vegetated 8.611 7.041 8.42
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the connectivity between the river channels and the ﬂoodplains to be
more accurately modelled.
Fig. 9 shows a comparison of the ‘Bare-Earth’ SRTM DEM with the
original SRTM for an area approximately 22 km by 32 km in Australia
centred on−35.9 latitude and 145.2 longitude. Also shown are the cor-
responding VCF and HVEG datasets. From this ﬁgure, it is clear that the
method, proposed in thismanuscript, reduces the elevations of the orig-
inal SRTM in relation to the VCF and HVEG datasets. However, the
Fig. 8. Comparison of ﬁnal ‘Bare-Earth’ SRTM DEM to the SRTM DEM for three 5° SRTM tiles, including difference between DEMs and smoothed cross-sectional proﬁles along A-B. Top
Panel: SRTM grid 20_05 (North America). Middle Panel: SRTM grid 23_13 (Amazon Basin). Bottom Panel: SRTM grid 40_13 (Congo Basin).
Fig. 9. Comparison of ﬁnal ‘Bare-Earth’ SRTM DEM to the SRTM DEM for a region of Australia centred on latitude−35.9 and longitude 145.2. Also shown are the corresponding VCF and
HVEG datasets. Areas (A and B) showing limitations of the ‘Bare-Earth’ SRTM DEM are circled in bottom right tile.
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methodology and datasets used do have some limitations. Some of
these limitations are highlighted in Fig. 8. Circle A highlights an area
where our ‘Bare-Earth’ SRTMDEMproduces some vegetation edge arte-
facts, while circle B highlights an area where the vegetation error has
remained untreated. These artefacts are mainly due to the spatial reso-
lution of the raw datasets used.While the ‘Bare-Earth’ SRTMDEM is not
perfect, it is amarked improvement over the original SRTMDEM in veg-
etated area and we recommend that a suitable noise reduction ﬁlter is
applied to the ‘Bare-Earth’ SRTM DEM before many applications to re-
duce the impact of these artefacts.
3.4. Validation with LiDAR based DEM
In Fig. 10, we compare the ‘Bare-Earth’ and SRTM DEMs to a LiDAR
DEM, obtained from the North Carolina Flood Mapping Program
(www.ncﬂoodmaps.com). The LiDAR DEM was aggregated from its
Fig. 10.Comparisonofﬁnal ‘Bare-Earth’ SRTMDEM to both the SRTMDEMs and LiDIRDEM for a small region of AlamanceCounty (North Carolina, USA), including a cross-sectional proﬁles
along A-B for the threeDEMs, differences between DEMs. The corresponding VCF data and the amount of vegetation removed from the original SRTM are also shown. LiDARDEMobtained
from the NC Flood Mapping Program (www.ncﬂoodmaps.com).
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raw resolution of 20 ft (~6 m) to 3 arc-seconds and its vertical error is
less than 10 cm at its raw resolution. Visually both SRTM based DEMs
appear similar to the LiDAR DEM; however, from the cross-sectional
proﬁle it is clear that neither product is a perfect match to the LiDAR
DEM. The SRTM DEM is generally higher than the LiDAR DEM and
while the ‘Bare-Earth’ DEM tends to match the LiDAR DEM proﬁle bet-
ter, it also results in areas lower than the LiDAR DEM. However, as
LiDAR DEMs are not globally available, our global ‘Bare-Earth’ SRTM
DEM is needed for global studies whereas local studies will continue
to beneﬁt from their own detailed LiDAR studies.
4. Conclusion
This paper has presented a robust method to create the ﬁrst ‘Bare-
Earth’ global high resolution DEM based on SRTM data. Our ‘Bare-
Earth’ DEM deals only with vegetation biases and does not remove
biases due to built structures. It should be noted that SRTM is a digital
surface model and that for many applications surface feature/artefacts
caused by vegetation canopies, which are present in all previous SRTM
releases to date, cause signiﬁcant errors. While there have been studies
that have corrected this error for small regions, to our knowledge, no
one has attempted this globally. For example, a 1 arc-second vegetation
corrected SRTM product is available for Australia (http://www.ga.gov.
au/metadata-gateway/metadata/record/69816/) but not over a wider
area.
To correct for vegetation errors in the SRTMDEM, we utilizedmulti-
ple remote sensing datasets. For a spatial representation of ground ele-
vations we used the ICESat GLA14 land product. We used the Simard
et al. (2011) vegetation height map for an estimate of canopy heights
and the Hansen et al. (2003) Vegetation Continuous Field (VCF) as a
proxy for canopy density.
We tested ﬁve different vegetation correction functions ranging
from a simple linear model to power law and exponential functions
and ﬁnd that only the Power 1 model (Eq. (6)) did not introduce arte-
facts at low VCF values.We then applied the Power 1 vegetation correc-
tion function both globally and regionally, with regions deﬁned either
by climate or vegetation type. We compared each of these three
methods with a static correction (Baugh et al., 2013).
We conclude that subtracting any vegetation height from the
original SRTM DEM reduces the vegetation errors. The static correc-
tion reduced the global mean error and root mean square errors by
8.3 m and 6.5 m respectively. However, this method was spatially in-
consistent, whilst all three methods developed in this paper (global
and two regional classiﬁcation methods) were spatially consistent
and reduced signiﬁcantly the errors in the SRTM DEMwith improve-
ments in mean error and rootmean square error of 10.9 m and 8.2 re-
spectively over the SRTM when averaged by VCF values. We
determined that the use of a climate classiﬁcation and the Power 1
vegetation correction function results in the best method for
correcting the vegetation errors. Using a correction method regional-
ized according to climate type and the Power 1 vegetation correction
function resulted in reductions of approximately 58% and 98% in
RMSE and ME respectively.
The ﬁnal ‘Bare-Earth’ SRTM DEM has global RMSE and global ME
equal to 5.9 m and 0.29 m respectively in vegetated areas when com-
pared with ICESat elevations. When compared by vegetation type, the
ﬁnal ‘Bare-Earth’ DEM outperforms the original SRTM over 98.7% of
the vegetated landmass. While this manuscript utilizes the SRTM DEM
dataset, the methodology used is valid for other near global DEMs.
The ‘Bare-Earth’ SRTM DEM has been computed globally at 3 arc-
seconds resolution and is available for non-commercial use. The freely
released product is un-ﬁltered; therefore, for some applications a
noise reduction ﬁlter might need to be applied to the DEM. Once the
1 arc-second SRTM DEM is available we intend to release a 1 arc-
second ‘Bare-Earth’ SRTM DEM.
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